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Abstract
We introduce a hybrid discrete choice framework to model the decisions
of investors in stock markets. More specifically, we model the decision to
buy or sell stocks using a binary logit model with latent classes, character-
izing the perception of risk. The model considers the dynamic nature of the
underlying decision process and is estimated from the data of a Swiss bank
containing 25989 transactional observations from January 2005 to September
2010 for 6 different portfolios. The predictive performance of the model is
tested: a cross-validation analysis is performed and the forecasting accuracy
of the model is studied in details. Parameters of the model are interpretable
and quantify interesting behavioral mechanisms related to investors’ deci-
sions. The predictive capabilities of the model in a real context makes it
practicable.
Keywords: choice modeling; survival model; finance; real data, decision-aid
tool
1 Introduction
Predicting the behavior of the stock market is a crucial and challenging objective
in finance. Forecasting models are needed by both investors, who aim to maxi-
mize their gains, and regulators. The development of these models is particularly
challenging for a variety of reasons. Various entities, such as asset managers,
firms, long-term and short-term investors, or amateur individuals, are making
decisions on stock markets. Each of them have a different objective and apply
different decision processes. They also have access to information from different
sources. The price of the stock, the reliability of the corresponding company, and
generic indicators about the stock market are key elements influencing decisions.
Also, news published by the press and by regulators, and historical data about
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the stock are also influencing the decisions. In addition to the human decision-
makers, automatic trading based on algorithms has also an impact on the market.
This feature is used by banks for taking advantage of the instantaneous price vari-
ations of stocks. Finally, the strong interactions among actors, including common
overreactions and lemming attitudes, complicate the forecasting even more. In
this paper, we focus on one fundamental aspect of this complex mechanism, that
is the behavior of the financial actors.
1.1 Motivation
Two families of models are found in the literature: aggregate and disaggregate.
Aggregate models capture the macroscopic mechanisms of the market. Method-
ologies such as time series analysis (Bollerslev et al. 1992, Mikosch and Sta˘rica˘
2004), operation research (El-Yaniv 1998), or machine learning (Giles et al. 2001,
Kim 2003) have been widely applied. Several advantages can be underlined for
aggregate models: they are easy to manipulate; their development rely on readily
available data; and they allow a direct prediction of global phenomena. The main
disadvantage is their forecasting capability which is relatively limited.
Disaggregate models aim at capturing the behavior of the different actors in
the system. These models are particularly relevant in this context as the evolution
of the stock market is the consequence of the decisions of financial actors. Agent
based models have been developed for this purpose (Arthur et al. 1996, Chen
and Yeh 2001, De Grauwe and Grimaldi 2004, Hommes 2006). Due to the lack
of behavioral data, the parameters of these models are usually set by the analyst
or estimated using synthetic data.
In this analysis we have the opportunity to exploit detailed behavioral data.
We use them to understand, model and predict the investors behavior. We
concentrate on professional investors working with long-term equity investments.
These individuals are manipulating large volumes of money and their decisions
are well respected.
Various discussions with the investors, and a preliminary exploratory analysis
of the behavioral data suggest behavioral patterns. These patterns are translated
into mathematical models in a discrete choice framework.
When making choices, investors try to make optimal decisions in terms of
profit. They make the decisions which give them the higher satisfaction. There-
fore, the theory of utility maximization (Ben-Akiva and Lerman 1985) seems
to be particularly well adapted to the modeling of the investors behavior. The
utility depends on both the context of the decision (such as stock and market
characteristics) and the perceptions of the financial actor. This theory expects
that the investor chooses the alternative with the highest utility. The utility is
non observable and captured by a latent variable.
We propose to use a hybrid discrete choice framework to model the behavior
of professional investors. We focus on the buying and selling decisions made
on stocks. Interestingly, few articles report the use of discrete choice models
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in this context. Johnsen and Melicher (1994) and Hensher and Jones (2004)
developed models for predicting the financial distress of firms. In these contexts,
the mathematical models are used as a classification tool, and are not necessarily
capturing individual behaviors.
A binary logit model with latent classes is proposed. It handles the choice
between buying and selling stocks. This framework belongs to the family of
discrete choice models with latent classes (Walker 2001, Greene and Hensher
2003). To the best of our knowledge, it is a pioneering application in the financial
domain. We think that our work also contributes to the field of behavioral finance,
where qualitative approaches have been often reported.
The estimated model can be used to predict the behavior of one single investor.
The decisions of an investor can change depending on market stimuli and the
changes can be anticipated using such a model. It helps the management of
investors. The proposed model predicts only partially the investor behavior, as
it only captures the buying and selling decisions. To be more complete, it should
be combined with a model predicting the quantity of money involved in the
transactions, as well as a model predicting the moment of the decision, which are
out of the scope of this paper.
The model could also be integrated in a multi-agent simulation tool to predict
the evolution of financial markets. Similar outputs of the aggregate model pro-
posed by Shive (2010) can be provided, such as the quantity of buys and sells for
each stock, and the associated returns. A model for each financial actor should be
provided. As mentioned before, our model has to be combined with other behav-
ioral models, in order to reflect the complete behavior of professional investors.
In the simulation context, the complex interactions among agents should be also
captured.
1.2 Approach
This paper is organized as follows. We start with the description of the process in
Section 2. Section 3 describes the data. Sections 4 and 5 describe the notations
and temporal representations respectively. The explanatory variables (Section
6), the model specification (Section 7) and the estimation results (Section 8) are
then discussed. Finally, the model validation is presented in Section 9.
2 The process
We are interested in modeling the behavior of professional investors working on
long-term equity investments. Each portfolio is managed by one fund manager,
who is in charge of a team. Decisions are made by this manager or by the
members of his team. These decisions are validated by the portfolio manager.
Each portfolio comprises of companies sharing common features, such as the size,
the sector of activity, the nationality. The portfolio is updated on each day to
maximize the returns. For each stock within the portfolio, a decision to buy, to
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sell or to hold is made. In case of buying or selling, the amount of money at
stake is decided. The order decision is communicated to the trading service for
execution. The trader translates the decision into transactions. An execution can
be implemented over several transactions, as the trader might choose the “right”
moments during the trading period to take advantage of the market, or to reduce
the impact on the corresponding stock.
The investor considers several sources of information while making a decision.
The stock market provides information about the stocks and official data are
reported by the respective company. In addition, the bank provides indicators
for the stocks and the respective companies. They reflect their current states and
evolutions and are usually based on public information. The precise formula for
generating these indicators is confidential and is not available for this study. The
indicators represent the state of the market and the level of risk in that market.
Other information such as political events, merger of companies or governmental
announcements are also relevant. The investor considers the cash flows within
the bank as well. Cash availability might translate into a “buy” decision, and
the need for cash may call for a decision to sell.
The primary objective of the investors is to maximize the value of the portfolio
by regular updates. An update is composed of three decisions: the decision of
making an update, the choice of action (buy or sell), and the associated quantity
of stocks. In this paper, we develop a model for the choice of action.
3 Raw data
We have access to the transactions related to six portfolios of the Swiss pri-
vate bank Lombard Odier. For confidentiality reasons, the data has been
anonymized. We will refer to these portfolios by their numbers, from 1 to 6.
The raw data consists in 25989 observations of transactions performed by the
traders between 2005.01.03 and 2010.09.13. Each transaction is characterized
by a date, a company, a portfolio and the amount of money. The amount is
positive if stocks have been bought and negative if they have been sold. Stocks
of 1236 companies are considered. The number of observations and companies
per portfolio are shown in Table 1. Some companies appear in several portfolios.
The shares between the transactions buy and sell are also shown. The number of
transactions are equally spread between buy and sell for all the portfolios, except
portfolio 3.
The number of transactions per portfolio between 2005 and 2010 is presented
in Figure 1. The number of buy transactions is stable on average, but with
significant fluctuations. Regarding sell transactions, two phases appear. The first
goes from 2005 to 2008, which is characterized by stability and low fluctuations
and the second goes from 2008 to 2010, which is stable on average but with high
fluctuations compared to phase 1. The average number of sell transactions in
phase 2 is higher than in phase 1. These two observations are linked to the fact
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Portfolio Nb of transactions Nb of companies % buy % sell
1 4354 160 44.63 55.37
2 1189 64 55.82 47.18
3 6427 363 78.70 21.30
4 2018 560 54.21 45.79
5 6935 55 45.84 54.16
6 5066 185 57.26 42.74
Table 1: Number of transactions, number of companies and percentage of trans-
actions per portfolio in the raw data
Figure 1: Evolution of the number of transactions buy and sell contained in the
raw data
that the starting of phase 2 coincides with the financial crisis of 2008.
Five indicators are considered as explanatory variables. These indicators have
been designed and computed by a quantitative team of Lombard Odier. They
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are called quality, sentiment, technique, value and price. Quality measures the
fundamental quality of a company by examining the specific economic and fi-
nancial data published by the company. Sentiment is a measure based on a
combination of estimates by the analysts covering the company, such as the next
year earnings estimates. Technique is a combination of indicators that analyze
the company’s activities on the market by identifying a chart pattern of prices,
such as the momentum reversal. The momentum is defined as the difference
between two prices of the same stock for a chosen time horizon. Value is an
objective measure of a company derived from the classic valuation metrics, such
as the price to earning ratio. Price characterizes the price of the stock asso-
ciated with the company. The exact calculation of these indicators is complex
and remains confidential. According to the investors, these indicators constitute
the main information used for making decisions. They are used as such, with
no direct consideration of the underlying formula. This is a common practice in
finance. Note that information about the portfolio or the portfolio managers is
not available in the data.
We show the variations of the five indicators of one of the companies in Figure
2. These measures are scores and have no unit. For the sake of presentation, the
values have been normalized between 0 and 1 by adding the observed minimum
per portfolio and dividing by the observed maximum per portfolio. A corre-
lation analysis performed between the different indicators did not show strong
relationship between them. This makes sense, as they have been built to reflect
complementary information about the company. The quality and sentiment are
constant over small time periods by definition. This is not the case for the other
indicators which present continuous variations.
The decision context depends on the state of the stock market. The VIX
(ticker symbol for the Chicago board options exchange market volatility index)
has been retained as it is a popular measure of the implied volatility of the S&P
500 index. It represents one measure of the market’s expectation of the stock
volatility and characterizes the market risk quite well. It has been plotted for
the time horizon in Figure 3. The financial crisis at the end of 2008 is observed
clearly. It is characterized by the highest peak on the curve. The horizontal line
is set to 25 for the VIX as suggested by the portfolio manager. It is considered as
the boundary between a high volatility market and a low volatility market, and
consequently generates different types of decisions.
4 Notations
We first introduce the notations, including acronyms used throughout the paper.
• DCM : discrete choice models;
• i.i.d.: independent and identically distributed;
• EV (0, 1): standardized extreme value distribution;
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Figure 2: Examples of the indicator variations for one company
• N(0, 1): standardized normal distribution;
• c: company;
• C: the number of companies;
• t: day;
• T : the length of the entire time period;
• tH : time horizon in days;
• H: vector of considered tH , H = {1 . . . 5, 10, 15, 20, 25, 30, 60, 90, 180, 270, 360};
• f : portfolio, f ∈ F = {1, 2, 3, 4, 5, 6};
• F : vector of portfolios;
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Figure 3: Evolution of the VIX during the considered horizon
• g: group of portfolios, g = 1 groups portfolios 1, 2, 3, g = 2 groups portfolios
4, 5, 6;
• t′ = t + D(c, t) + 5: the day of the action performed after A(c, t), A(c, t)
and D(c, t) are defined in Section 4.1;
• B: action buy ;
• S: action sell ;
• R: risky situation;
• N : normal situation, as opposed to R;
• e: experience of the cross-validation;
• t0,e: starting date of the simulation set of experience e;
• Te: ending date of the simulation set of experience e;
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• R2e: R2 predicted by the duration model on the simulation set of experience
e;
4.1 Variables
Notations for dependent and explanatory variables are summarized below.
• O(c, t): transaction observed on day t for company c (money), if it is posi-
tive, stocks have been bought; if it is negative, stocks have been sold;
• A(c, t): action decided on day t for company c, A(c, t) ∈ {B,S};
• D(c, t): time duration between A(c, t) and A(c, t′) in weeks (5 days);
• r: risk in the model, r ∈ {N,R};
• qualc,t: quality associated with company c on day t;
• techc,t: technique associated with company c on day t;
• sentc,t: sentiment associated with company c on day t;
• pricc,t: price associated with company c on day t;
• valuc,t: value associated with company c on day t;
• xc,t = {qualc,t, techc,t, sentc,t, pricc,t, valuc,t}: vector containing the 5 fun-
damental indicators for company c on day t;
• Kx: the length of xc,t
• V IXt: VIX on t;
• Perf(xc,t(k), tH): performance of xc,t(k), calculated on time horizon tH
(Equation (1));
• Long(xc,t(k), tH): long-term value of xc,t(k), calculated on time horizon tH
(Equation (2));
• Short(xc,t(k), tH): short-term value of xc,t(k), calculated on time horizon
tH (Equation (3));
• Sigm(xc,t(k), tH): standard-error of xc,t(k), calculated on time horizon tH
(Equation (4));
• Xc,t: vector of raw and transformed values of {xc,t(k)}k=1...KX (Equation
(5));
• Yt: vector of raw and transformed values of the V IXt (Equation (6)).
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4.2 Parameters
Two models are introduced in Section 7. The following notations are used:
• β: vector of parameters (Equation (19));
• µf : scale of the random variables εB,rA,c,f,t′ and εS,rA,c,f,t′ ;
• ωA: vector of parameters associated with the perception of risk (Equation
(8));
• βB: vector of parameters associated with the explanatory variables;
• KB: size of βB;
• ASCB,r: alternative specific constant;
• αB,r: parameter associated with the deterministic utility of B in the previ-
ous action;
• λB,r: parameter weighting the influence of the deterministic utility of B in
the previous action.
5 Time discretization
In the raw data, we do not observe the investors’ decisions but direct consequences
of them. For a given stock, once the investor has decided to perform an action and
selected the corresponding amount of money, a trader implements the decision.
Traders have a tendency to split the investors’ decisions in several successive
transactions in order to decrease the influence of the decisions on the underlying
stocks, in terms of price, due to the supply and demand rule. These transactions
are observed. As a consequence, different transactions in the raw data could
reflect the same decision. The date of the decision and the date of the first
transaction coincides. Transactions have to be aggregated for each stock in order
to represent the investors’ decisions.
For a given stock, we group transactions in sets. A transaction belongs to
a set if at least one transaction inside the set is separated from the considered
transaction by less than five days. Then, the time period of each set is split in
consecutive time windows of five days. The transactions within the time windows
of five days constitute subsets. Within subsets, the transactions are aggregated
by summing their corresponding amounts of money. If the sum is positive (resp.
negative), it is considered a buy (resp. sell) action. The variables describing the
subset are those associated with the first day. Actions involving a small quantity
of money have been discarded.
A time window of 5 days is used, because it corresponds to a working week.
The aggregation procedure starts the first day with an observation, which is
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the first working day of 2005 (2005.01.03). The 5 days period can cross week-
ends in case of legal holidays or market closures. Anyway, this period should
be interpreted as a buffer, where investors do not revise their decisions. These
assumptions have been validated by the involved investors. In addition, other
aggregation techniques have been tested (on different time periods and with dif-
ferent rules) and the results presented in Section 8 appeared to be stable, showing
the robustness of the approach. In practice, we observed that the summing of
the actions always imply transactions of the same sign, validating the choice of
the 5 days period. Two situations appear when aggregating the transactions.
1. A transaction with no near neighbor. This means that the set con-
tains only one transaction. It is considered as an investor’s decision. An
example of this situation is presented in Figure 4. In that case, there is no
aggregation.
days
Oc,t Oc,t+8
A(c, t) A(c, t+ 8)
Figure 4: Aggregation of isolated transactions
2. A time period with neighboring transactions. A set contains at
least two transactions. The time period is covered by non-overlapping time
windows of five days. Transactions are aggregated within each subset and
information about the first date of the subset are considered. An example
is shown in Figure 5.
days
Oc,t Oc,t+3 Oc,t+6 Oc,t+10
A(c, t) A(c, t+ 5) A(c, t+ 10)
Figure 5: Aggregation of neighboring observations
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Regarding this example, the beginning of the aggregation on day t could be
conditioned by the first day of the collected data. This is the case between
2005 and 2007 (Figure 6 compared to Figure 1). As mentioned previously,
this has been validated with the involved investors and by performing ag-
gregation tests.
Note that a minimum of five days separate two actions. Actions with small
quantities of money have been removed because they correspond to adjustments
representing noise in this modeling context. Following a discussion with a port-
folio manager, it has been decided to arbitrarily remove 25% of the actions (with
the smallest corresponding amounts of money). After processing the transactions,
the data set contains 9178 observations of actions performed on stocks of 1121
companies. The details are presented in Table 2. The shares between actions are
equally distributed and rather the same than for the transactions presented in
Table 1, except for the portfolio 3. For this portfolio, the distribution is much
more balanced between the actions, compared to the transactions.
Portfolio Nb of decisions Nb of companies % buy % sell
1 1461 145 54.96 45.04
2 913 58 53.34 46.66
3 508 50 59.45 40.55
4 3738 505 51.66 48.34
5 1659 316 43.40 56.60
6 899 175 45.05 54.95
Table 2: Number of actions, number of companies and percentages of actions per
portfolio in the processed data
The repartition of the actions across time is presented in Figure 6. Compared
to Figure 1, the aggregation has been quite strong for the buy transactions from
2005 to 2007. Many periods with neighboring observations appear (see Figure
5). Regarding the other periods, the graphs are similar, showing a higher rate of
transactions with no near neighbor (see Figure 4).
6 Explanatory variables
Portfolio managers often base their decisions on the variations of the variables
over time (Figures 2 and 3). Therefore, new variables have been computed based
on the five fundamental indicators and the VIX for reflecting this dynamic. The
framework of the dynamic data calculation is presented in Figure 7. Two con-
secutive actions are represented A(c, t) and A(c, t + 5). As explained in Section
5, two consecutive actions are separated by a minimum of five days.
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Figure 6: Evolution of the number of actions buy and sell contained in the
processed data
The dynamic variables are calculated as follows. We call performance the
relative variation
Perf(xc,t(k), tH) =
xc,t(k)− xc,t−tH (k)
xc,t−tH (k)
. (1)
The mean calculated over tH is called the long-term value
Long(xc,t(k), tH) =
1
tH
t∑
l=t−tH
xc,l(k). (2)
The difference between the current value xc,t(k) and the long-term value Long(xc,t(k), tH)
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days
A(c, t+ 5)
t− tH t
tH
A(c, t)
Xc,t Xc,t+5
xc,t−tH xc,t
VIXt−tH VIXt
Yt Yt+5
Figure 7: Calculation of the dynamic attributes
is called the short-term value
Short(xc,t(k), tH) = xc,t(k)− Long(xc,t(k), tH). (3)
Finally, we define the standard-error as
Sigm(xc,t(k), tH) =
√√√√ 1
tH
t∑
t=t−tH
(xc,t(k)− Long(xc,t(k), tH))2. (4)
It characterizes the variations of xc,t(k) within tH . We make explicit
Xc,t = {xc,t(k), P erf(xc,t(k), tH), Long(xc,t(k), tH), Short(xc,t(k), tH)
, Sigm(xc,t(k), tH)}tH∈H,k=1...Kx , (5)
and
Yt = {V IXt, P erf(V IXt, tH), Long(V IXt, tH), Short(V IXt, tH), Sigm(V IXt, tH)}tH∈H ,
(6)
Heterogeneous tH are considered, tH ∈ H = {1 . . . 5, 10, 15, 20, 25, 30, 60, 90, 180, 270, 360}.
This is motivated by the fact that investors consider short-term to long-term dy-
namic of variables when making decisions. 366 variables are considered in total (5
indicators and the VIX, 4 transformations, 15 time horizons, 366 = 6×(1+4×15)).
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The variables have been normalized per portfolio (except the VIX) by sequen-
tially subtracting the minimum and dividing by the maximum, to obtain values
between 0 and 1. The normalization has been done per portfolio as portfolio
managers consider the entire portfolio when making decisions. The VIX has not
been normalized: it is not portfolio specific, its interval of variation is manage-
able, and it makes the interpretation of the proposed models easier (see Section
7).
For the considered time period, some examples of the evolution of the dynamic
variables are presented in Figure 8. The raw indicator is the price shown in
Figure 8(a), which is the same as in Figure 2(d). The value tH = 1 has been
used for the calculation of the performance, long-term value and short-term value.
The performance and short-term value capture the immediate variations of the
variable (Figures 8(b) and 8(d)), whereas the long-term value is the smoothed
version of the the raw variable (Figure 8(c)). Note that the smoothing degree is
tH . Due to the small value of tH , it is qualitatively similar to the variation of the
raw variable (Figure 8(a) and Figure 8(c)). The evolution of the standard-error is
the most regular, because tH = 60 for its calculation. tH = 1 is used to illustrate
the variables used in the model (Section 7.2), tH = 60 appeared to be significant
in “risky” situations (Table 4).
A correlation analysis has been performed between the action variable A(c, t)
and the explanatory variables. The results are summarized in Table 3. B (buy)
is coded 0, and S (sell) is coded 1. If the correlation is positive sell is favored,
otherwise it is buy. Note that a Pearson test has been performed for each correla-
tion. Only significant effects have been kept. The correlations are not very high,
the highest value being 0.449, for the standard-error of the VIX for tH = 360, in
portfolio 3. The number of significant and generic correlations across portfolios
is low, compared to the number of variables (366). This points out the differ-
ence of financial management between portfolios, and emphasizes the specificity
of the portfolio managers’ behavior within each portfolio. Nevertheless, generic
and significant correlations provide information. Regarding variables associated
with the companies and stocks, time horizons are low, showing the propensity
of investors to account for immediate information in their decisions. A differ-
ence of behavior appears between portfolios 1, 2, 3 and 4, 5, 6. Except for the
variables associated with the VIX, correlations have the same signs within the
two portfolio groups, and are opposed between the two groups. This difference
is partly explained by the fact that in the two portfolio groups, a team manages
two portfolios (two teams per groups of three portfolios). In each portfolio group,
one team manages one portfolio, and the other team manages the two remaining
portfolios.
A correlation analysis has also been performed by splitting the processed data
into two parts according to the level of VIX. This has been done in order to test
if there is a significant difference of behavior in volatile and non-volatile markets.
The considered threshold is 25 (see Figure 3). In case of low VIX, the significant
and generic correlations are the same as in Table 3. The interpretations remain
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Figure 8: Transformation of the raw attributes
the same. In case of high VIX, only the variable Short(valuc,t, 60) stands out.
This underlines the specificity of the investors’ behavior within each portfolio in
risky situations. Two reasons can be invoked. First, the nature of the portfolios
is different, which leads to specific managements in risky situations. Second, the
financial styles of the portfolio managers are emphasized and predominate over
established rules. This is logical as in panic situations, emotions tend to overcome
conventions. Correlations are displayed in Table 4. The difference between the
two groups of portfolio appears and is consistent with Table 3. The time horizon
is higher (60 days compared to 3 days), which is logical. In risky situations,
investors have more tendency to consider long-term information.
This correlation analysis helps us to get intuition about the data, but are
limited due to their univariate nature. In addition they allow to check that
there were no endogeneity issues between the action choice and some explanatory
variables. This is certainly due to the fact that the investors do not represent the
majority of the actors interacting on the market, as they work with long-term
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Transform Variable tH Portfolio 1 Portfolio 2 Portfolio 3 Portfolio 4 Portfolio 5 Portfolio 6
Perf() Price 1 0.065 0.139 0.127 −0.279 −0.238 −0.329
Short() Value 3 −0.090 −0.084 −0.099 0.227 0.170 0.277
Sigm() VIX 360 0.126 0.303 0.449 −0.062 −0.114 0.213
Short() Technique 1 −0.065 −0.110 −0.113 0.213 0.181 0.257
Table 3: Generic and significant correlations between the action variable and the
explanatory variables
Transform Variable tH Portfolio 1 Portfolio 2 Portfolio 3 Portfolio 4 Portfolio 5 Portfolio 6
Short() Value 60 −0.210 −0.125 −0.200 0.206 0.095 0.232
Table 4: Generic and significant correlations between the action variable and the
explanatory variables, for a high level of VIX
investments.
7 Model specification
We aim at understanding and modeling the financial decisions of an investor in a
given time horizon (expressed in days), regarding a set of stocks. Given that an
action is performed on day t for stocks of company c, we assume that the investor
decides the type of action (buy or sell). An overview of the decision process is
shown in Figure 9. D(c, t) is the duration between A(c, t) and the next action
A(c, t′), with t′ = t + D(c, t) + 5. If D(c, t) = 0, the duration between the two
consecutive actions is five days, which is the minimum duration according to the
aggregation presented in Section 5. We model the decision taken in t′, A(c, t′),
conditionally on A(c, t) and D(c, t).
The general modeling framework is presented in Figure 10. Square shapes
represent observed variables, whereas round shapes are latent variables. Shapes
with dotted lines are for random variables, whereas plain lines are associated with
deterministic variables. Arrows stand for causal links between variables, each
arrow being associated with an equation. Plain arrows stand between variables
of t′, dotted arrows link variables in t to variables in t′. Note that some variables
can be both latent and deterministic, as the deterministic parts of utilities in a
discrete choice model. We define the modeling concepts of the scheme per models.
For the model, we specify:
• V (R, c, t′|ω): the measure for the risk R in the model (Equation (7));
• W (r, c, t′|ω): the randomized measure of the market risk r (Equation (9));
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t
Xc,t
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Figure 9: The process of investors’ decisions
• VB(c, t′|r, β): the deterministic utility associated with the alternative B
(Equation (13));
• MB(c, t′|r, β): the term capturing the effect of the previous action on the
current choice of action (Equation (14));
• UB(c, t′|r, β): the random utility of the alternative B (Equation (12));
• US(c, t′|r, β): the utility of the alternative S (Equation (12));
• εr,c,t′ : a random variable associated with the risk r (Equation (10));
• εB,r,c,f,t′ : a random variable associated with B, under risk r (Equation
(15));
• εS,r,c,f,t′ : a random variable associated with S under risk r (Equation (15)).
Descriptive statistics shown in Table 3 allow to underline a significant dif-
ference of behavior between investors managing portfolios 1, 2, 3 and 4, 5, 6.
We account for this difference in the specification of the model. In Section 7.1
the modeling of the perception of risk is detailed. In Section 7.2 the model is
presented.
7.1 The perception of risk
Day and Huang (1990) define three market types: bear, bull and sheep markets. A
bear market corresponds to a decreasing confidence of the investors in the market,
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Figure 10: The general modeling framework
generating an increase of the risk in terms of returns. This is the opposite for
the bull market. The sheep market represents an intermediary position between
the bull and bear markets. In that case, the majority of the investors follow
the market tendencies. According to the investors implicated in the observed
decisions, two types of behavior occur depending on the market risk. The first
behavior is called normal, corresponding to the bull and sheep markets. The
second is called risky corresponding to the bear market. The perception of risk
is not directly observed, and has a strong influence on the investors’ decisions. A
model for the perception of risk has been developed.
The risk r is a discrete variable. A logit model for risk classification is devel-
oped. The deterministic measure of the risk R is
V (R, c, t′|ω) = ASCW + ω1V IXt′Ic,g=1 + ω2V IXt′Ic,g=2
+ ω3Sigm(Sentc,t′ , 5), (7)
where Ic,g is an indicator equal to 1 if c belongs to g, 0 otherwise, and ω is the
set of parameters, that is
ω = {ASCW , ω1, ω2, ω3}, (8)
The randomized measure of risks N and R are
W (N, c, t′|ω) = εN,c,t′ ,
W (R, c, t′|ω) = V (R, c, t′|ω) + εR,c,t′ , (9)
116
Robin and Bierlaire, Journal of Choice Modelling, 5(1), 2012, 98-130
and assuming
εr,c,t′
i.i.d∼ EV (0, 1), for r ∈ {N,R}, (10)
a binary logit model is derived where the alternatives are the risks N and R. The
corresponding probabilities are
P (N, c, t′|ω) = 1
1 + eV (R,c,t′|ω)
,
P (R, c, t′|ω) = 1
1 + e−V (R,c,t′|ω)
. (11)
We expect V (R, c, t′|ω) (Equation (7)) to increase when the risk increases, so
ω1, ω2 and ω3 should be positively estimated. The perception of risk depends
both on the market and on c, due to the presence of the VIX and Sigm(Sentc,t′ , 5)
(described in equation 4). This specification is motivated by the fact that the
VIX can be seen as a measure of the risk as such. Sent reflects analyst opinions,
and the standard-deviation characterizes its variation level. It seems logical to
expect an increase of the perception of risk, when analysts frequently change
their mind. The perception of the VIX is supposed to differ between the two
portfolio groups (see the correlation analysis in Section 6). Some tests have been
performed to split other parameters between the two portfolio groups, but the a
priori perceptions of risk, as well as the perception of Sigm(Sentc,t′ , 5) appeared
to be generic (Section 8).
The two risk situations are the latent classes of the choice model presented
in Section 7.2. Note that no characteristic of the investors were available in
the data, so the perception of risk only depends on attributes of the decision
context. Anyway, the risk of the market do not vary across the alternatives of
the choice model (buy and sell), as well as socio-economic characteristics. Another
specificity of our analysis, is that no behavioral indicators were used to identify
latent classes. This is due to the fact that we are working with revealed preference
data and no supplementary data collection was possible.
7.2 The model
The choice of action is a discrete choice situation. We develop a binary logit
model with two latent classes corresponding to the two risk situations. The
random utilities of the two alternatives B and S are
UB(c, t
′|r, β) = VB(c, t′|r, β)
+ MB(c, t
′|r, β)
+ εB,r,c,f,t′ ,
US(c, t
′|r, β) = εS,r,c,f,t′ , (12)
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with
VB(c, t
′|r, β) = ASCB,r +
∑
g∈{1,2}
Ig,c
KB∑
k=1
βB,k
KX∑
l=1
IB,g,k,l,rXc,t′(l) (13)
where IB,g,k,l,r is an indicator equal to 1, if the parameter βB,k is associated with
the attribute Xc,t′(l), to the group of portfolio g and appears under the risk r.
Ig,c is an indicator equal to 1 if c belongs to g.
MB(c, t
′|r, β) = αB,rVB(c, t|r, β)eλB,rD(c,t) (14)
is a term accounting for the effect of the previous action, represented by the
deterministic utility of B in the previous action, weighted by D(c, t), the du-
ration between the last and the current action performed on stocks of c. The
assumptions about the random terms are
εB,r,c,f,t′ , εS,r,c,f,t′
i.i.d∼ EV (0, µf ), for r ∈ {N,R}, (15)
The probabilities of the actions B and S under the risk r are
PB(c, t
′|r, β) = 1
1 + e−µfV ′B
,
PS(c, t
′|r, β) = 1− PB(c, t′|r, β), (16)
where
V ′B = VB(c, t
′|r, β) +MB(c, t′|r, β). (17)
After having summed on the risks N and R, the probabilities of the actions come
PB(c, t
′|β, ω) = PB(c, t′|N, β)P (N, c, t′|ω)
+ PB(c, t
′|R, β)P (R, c, t′|ω),
PS(c, t
′|β, ω) = 1− PB(c, t′|β, ω), (18)
where P (N, c, t′|ω), P (R, c, t′|ω) are the probabilities to be in the risk R defined
in equation (11). The vector of parameters β is then
β = {{βB,k}k=1...KB , {ASCB,r, αr, λr}r=N,R, {µf}f=2...6}. (19)
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Only attributes for tH = 1 are used in the deterministic utility function shown in
Equation (13). This is motivated by the statistical analysis presented in Table 3
and explained in Section 6. Indeed, dynamic variables calculated with small tH
are significantly correlated with the choice of action. This means that investors
have a tendency to make decisions using short-range information, showing their
reactivity. In a multivariate context tH = 1 appears to be the most appropriate
value (see Section 8). MB(c, t
′|r, β) captures the memory effect. In this term, the
deterministic utility of the previous buy alternative has been chosen to represent
the previous action because it is tractable for prediction. In addition, accounting
for the previous utility, and not previous choices, prevents the model for endo-
geneity issues. We expect λB,r to be negative, as we suppose that the impact of
the previous action should decrease when the duration between the previous and
the current action increases. A scale parameter is associated with each portfolio
in order to account for the behavioral specificity of the investors within portfolios.
Note that µ1 has been normalized to 1.
The likelihood of the model is
l(β, ω) =
C∏
c=1
T∏
t′=2
(PB(c, t
′|β, ω)zB,c,t′Ic,t′
× PS(c, t′|β, ω)(1−zB,c,t′ )Ic,t′ ), (20)
where C is the number of companies. zB,c,t′ is an indicator equal to 1 if stocks of
c have been bought on t′, 0 otherwise. Ic,t′ is an indicator equal to 1 if an action
has been observed on t′ for c, 0 otherwise. The log-likelihood function is
L(β, ω) = log(l(β, ω))
=
C∑
c=1
T∑
t′=2
(zB,c,t′Ic,t′ log(PB(c, t
′|β, ω))
+ (1− zB,c,t′)Ic,t′ log(PS(c, t′|β, ω))). (21)
7.3 Alternative specifications
In this paper, we focus on the modeling of the choice of action. Other tests have
been done to ensure the quality of the proposed approach. In the early stage of
the analysis, a discrete choice model with three alternatives has been developed.
The three alternatives were buy, sell, and wait. The assumption was that every
day an investor decides to buy or sell stocks, or wait for investing. This allows
to get rid of a choice model conditioned on the fact that an action is performed.
But it has not been kept due to the prevalence of wait actions in the data.
The estimation results showed a dominance of the alternative specific constants
and some very weak elasticities associated with the explanatory variables. In
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addition, the underlying behavioral hypothesis is not correct. It is not true that
an investor is making decisions every day, specially for long-term investments. A
model capturing the duration between two actions seems to be more realistic. It
remains a major future work, which is discussed in the conclusion of the paper.
The invested quantity of money is important to model in order to have a
complete picture of the investors behavior. We did not include it in the final
analysis. Some attempts have been conducted, but very limited causalities could
be captured, with extremely low prediction capabilities. The reason of these
limitations is the lack of precious information in the data. Portfolio information
are crucial to explain the invested quantity of money, but they are not available
in the data for confidentiality reasons.
8 Model estimation
The model is estimated by maximum likelihood using the software package Bio-
geme (Bierlaire (2003) and Bierlaire and Fetiarison (2009)). The log likelihood
is presented in equation (21). The processed data were used for estimation (see
Sections 5 and 6). General estimation results are displayed in Table 5. The model
contains 29 parameters
Nb parameters 29
Nb observations 9178
Null Log-likelihood -6361.705
Final Log-likelihood -5635.196
ρ¯2/R2 0.110
Table 5: General estimation results of the action and duration models
Parameters values and corresponding t-tests are presented in Tables 11 and
12.
• The perception of risk : ASCW was not significantly different from
minus the VIX threshold defined in Figure 3. This value was the starting
value for estimation. ω1 and ω2 are the two parameters associated with
the VIX, respectively for the groups of portfolios 1 and 2. Logically, both
parameters are positive meaning that the risk increases with the VIX, as
described in Sections 7.1. ω1 > ω2, so investors managing portfolios in
group 1 are more sensitive to risk than investors managing group 2. ω3 is
associated with the standard error of sentiment calculated for tH = 5 (days).
It is positive as expected, showing that the increase of the fluctuations in
the analyst opinions increases the perception of risk, which is logical.
• The alternative specific constants: ASCB,N and ASCB,R are negative,
meaning that in the two risk situations, buy is penalized.
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• The parameters associated with the explanatory variables: A sta-
tistical analysis has been conducted (see Table 3) and several model speci-
fications have been tested. The most appropriate variables were calculated
with tH = 1 (day), meaning that the investors base their choices on short-
term information. No βB,k (k = 1 . . . 15, r ∈ {N,R}) is generic across risk
situations and groups of portfolios. The generic parameters across groups
of portfolios are βB,4, βB,5, βB,6 and βB,15. βB,6 and βB,15 are positive,
Under the risk N , the increase of the short-term values of quality and value
favor the buy alternative. βB,5 is negative, an increase of the long-term
value of quality favor the sell alternative. βB,4 is positive, so under the risk
R, the increase of the short-term value of price increases the probability to
buy, underlying the tendency of investors for taking advantage of immedi-
ate fluctuations of variables.
• The memory effect: αB,N and αB,R are both negative showing that for
a given stock, investors have not the tendency to consecutively perform
two buy actions. This is stronger under the risk R than under the risk
N . Investors are more likely to bet on short-term returns under R, which
makes sense. As expected, this effect is attenuated with the increase of the
duration between two consecutive actions, as shown by the negative value
of λB,N and λB,R. The attenuation is higher in a normal situation than in
a risky situation.
• The scale parameters: µ1 is normalized to 1 for identification reasons,
and {µf}f∈{2...6} are significantly different from µ1, showing the specificity
of the investors’ behavior within each portfolio. The variance of the error
terms εB,r,c,f,t′ and εS,r,c,f,t′ (introduced in equation (12)) is
V ar =
pi2
6µf 2
, (22)
as µf > µ1 for f ∈ {2, 3, 4, 5, 6}, the variance associated with the choice of
action is higher for portfolio 1 compared to the others. The decisions taken
in portfolios 2, 3, 4, 5, 6 are better explained by the variables in the model.
To conclude this section, the parameters of the model are significant and
interpretable. They allow to quantify behavioral mechanisms. Parameter inter-
pretations have been discussed with the involved investors. The five indicators
and the VIX (presented in the Section 6) explain well the investors’ behavior.
The results also emphasize portfolio specific behavior.
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Figure 11: Distribution of the predicted action choice probabilities calculated on
the estimation data
9 Model prediction
In this section, we study the prediction accuracy of the model. We start by
examining the model prediction on the estimation data and perform a cross-
validation. Then, we conduct a simulation analysis.
9.1 Prediction on the estimation data
The frequencies of the predicted probabilities of the observed actions are shown
in Figure 11. If the model was perfect, all predicted probabilities should be equal
to 1. This corresponds to a log likelihood equal to 0. This is of course never
the case, but a significant shift of the distribution on the right is observed. In
addition 66.25% of the actions are predicted with a probability higher than 0.5,
represented by the gray bin. The model is compared to a simple binary logit
model. It contains only two parameters which are the constants in the deter-
ministic utilities of buy and sell, and without the perception of risk. It has the
property to reproduce the aggregated shares of actions of the estimation data,
when used for prediction. In that case, there are approximately as much actions
of type Buy (4530) than action of type Sell (4648). This simple model predicts
a quasi equal probability for the two actions (∼ 0.5, for the two actions). Conse-
quently for 66.25% of the decisions, the proposed model makes a better prediction
than this simple model.
This prediction analysis is performed on the estimation data. It reinforces
the estimation results (see Section 8), but the models have not been yet tested
for forecasting.
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9.2 Cross-validation
We need to check the prediction capability of the model. The cross-validation
involves estimating the combined model on a part of the data, and applying it on
the remaining part. The total time horizon is divided into five periods of equal
duration. The starting date and ending date of each period as well as the number
of actions per period are shown in Table 6. The estimation of the model is done
on four subsets and the simulation on the remaining subset. The experience is
repeated five times in order to cover all the possibilities.
Validation set 1 2 3 4 5
Starting date 2005.01.03 2006.03.02 2007.04.25 2008.06.05 2009.07.24
Ending date 2006.03.01 2007.04.24 2008.06.04 2009.07.23 2010.09.13
Nb actions 1363 1511 1766 2149 2399
Table 6: Starting dates, ending dates and number of actions per subset of data
for the cross-validation
For each experience, we calculate statistics revealing the prediction accuracy
of the models on the simulation subset. The predicted log likelihood is calculated
(Predicted  L). This value is compared to the log-likelihood (Estimated  L) that is
obtained by applying the model (estimated on the entire data) on the simulation
subset.
The results are presented in Table 7. Logically the estimated  L are always
higher than the predicted  L. Regarding the model, the log likelihood increases
chronologically because the volume of decisions is also increasing (see Table 6).
The highest difference between the estimated and predicted log likelihood is ob-
served for the experience 5 (235.141). However for every experience, the values of
the log likelihood are similar. This shows the stability of the model specification.
Experience 1 2 3 4 5
Predicted  L -394.436 -431.504 -1095.921 -1269.583 -1588.811
Estimated  L -383.671 -420.055 -1052.993 -1220.002 -1353.67
Table 7: Results of the cross-validation performed on the estimation data
For each experience, we have calculated the percentage of observations pre-
dicted with a probability less than 0.5, which are considered badly predicted. The
results are displayed in Table 8. For the model estimated on the entire data, there
are 33.75% of bad predictions. For every experience, the percentage is similar to
this value. This underlines again the stability of this model.
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Experience 1 2 3 4 5
model 36.90 38.65 31.65 30.15 41.31
Table 8: Percentages of badly predicted observations per experience of cross-
validation
The financial crisis of 2008 appears in the subset 4 (see Table 6). The pre-
diction of the model (30.15% of badly predicted observations) is similar to the
predictions associated with the other experiences. This shows its robustness. The
cross-validation is a first step towards forecasting, but it is not an application of
the model in a real context.
9.3 Simulation
In this section, we present a concrete forecasting application of the model. Expe-
rience 5 of the cross-validation is considered (see Table 6). The model is estimated
on the calibration subset and applied on the simulation subset. We hypothesize
that the action days are fixed. Five simulations are performed on the simula-
tion subset. In each simulation and for each action day, an action is drawn from
the predicted probability distribution. The number of buy and sell actions are
aggregated per month. Results are presented in Table 9. For each month, the
number of buy actions, nb buy sim, and sell actions nb sell sim, are shown as
“nb buy sim/nb sell sim”. The observed shares are also displayed in the column
“Reality” (“nb buy obs/nb sell obs”).
For each month, the simulated and observed shares are compared. We define
the percentage of error as
Err =
nb buy obs− n buy sim
n buy obs + n sell obs
× 100, (23)
which corresponds to the number of false simulated actions divided by the total
number of actions within the month. As the action days are fixed, we have
n buy obs + n sell obs = n buy sim + n sell sim. The percentages of error are
shown in Table 10. The highest values are observed for April 2010, otherwise
no percentage of error is above 20%. Moreover, 81.33% of the error percentages
are under 10%, showing the convenient forecasting accuracy of the model. The
aggregation of the results has been done on a per month basis, which is relatively
detailed especially for long-term investments. The prediction of the aggregated
buy and sell statistics at the aggregation level of a month, can help investors
when making decisions. At a strategic level, investors can build market scenarios
and quantitatively assess their abilities to react to events, such as crises. This
simulation emphasizes the reasonable quality and usefulness of the model in real-
life applications.
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Month Reality Simul. 1 Simul. 2 Simul. 3 Simul. 4 Simul. 5
Jul. 09 21/31 20/32 25/27 26/26 22/30 18/34
Aug. 09 121/81 109/93 96/106 96/106 94/108 108/94
Sep. 09 108/84 91/101 106/86 116/76 101/91 108/84
Oct. 09 110/141 121/130 130/121 116/135 116/135 112/139
Nov. 09 105/138 109/134 112/131 117/126 113/130 104/139
Dec. 09 76/93 75/94 86/83 77/92 75/94 58/111
Jan. 10 69/82 71/80 70/81 67/84 69/82 70/81
Feb. 10 69/77 68/78 61/85 56/90 68/78 67/79
Mar. 10 101/79 87/93 90/90 92/88 94/86 91/89
Apr. 10 148/54 96/106 112/90 104/98 101/101 108/94
May 10 85/84 76/93 85/84 75/94 83/86 86/83
Jun. 10 41/48 34/55 38/51 41/48 49/40 40/49
Jul. 10 53/96 65/84 77/72 78/71 72/77 81/68
Aug. 10 79/93 80/92 86/86 64/108 86/86 74/98
Sep. 10 17/15 23/9 14/18 16/16 20/12 15/17
Table 9: Results of the simulations performed with the model on the period going
from 2009.07.24 to 2010.09.13
Month Simul. 1 Simul. 2 Simul. 3 Simul. 4 Simul. 5
Jul. 09 1.92 -7.69 -9.62 -1.92 5.77
Aug. 09 5.94 12.38 12.38 13.37 6.44
Sep. 09 8.85 1.04 -4.17 3.65 0.00
Oct. 09 -4.38 -7.97 -2.39 -2.39 -0.80
Nov. 09 -1.65 -2.88 -4.94 -3.29 0.41
Dec. 09 0.59 -5.92 -0.59 0.59 10.65
Jan. 10 -1.32 -0.66 1.32 0.00 -0.66
Feb. 10 0.68 5.48 8.90 0.68 1.37
Mar. 10 7.78 6.11 5.00 3.89 5.56
Apr. 10 25.74 17.82 21.78 23.27 19.80
May 10 5.33 0.00 5.92 1.18 -0.59
Jun. 10 7.87 3.37 0.00 -8.99 1.12
Jul. 10 -8.05 -16.11 -16.78 -12.75 -18.79
Aug. 10 -0.58 -4.07 8.72 -4.07 2.91
Sep. 10 -18.75 9.38 3.13 -9.38 6.25
Table 10: Percentages of error (see Equation (23)) based on simulations of Table
9
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10 Conclusion
We have developed a model capturing the behavior of investors. The data pro-
vided by the Swiss private bank Lombard Odier has been analyzed to infer
the decisions taken by investors. Variables capturing the dynamics are computed
based on five indicators and the VIX. A correlation analysis allows us to under-
stand the relationship between the decisions and the decision context. A binary
logit model with latent classes is developed for the choice of action, where the
latent classes correspond to the risk situations. Two situations that are consid-
ered are normal and risky. The model accounts explicitly for the dynamics of
the behavioral phenomenon.
The model is estimated using the processed data. Parameters are inter-
pretable. Results have been discussed with investors. They reveal explicit causali-
ties and behavioral mechanisms. The representation of the dynamics makes sense,
where investors consider their previous decisions when making current decisions.
The specificity of the investors’ behavior within each portfolio appears. The hy-
pothesis about the perception of risk is valid. The specificity of the behavior per
portfolio is more important in risky than in normal situations. This is logical, as
personalities and emotions are emphasized in panic situations.
Predictions performed by the model have been checked and the model has
been cross-validated on the estimation data. The predictive accuracy of the
model is acceptable. The relevance of the model has been shown by simulation,
which is the practical way to use it. As it is, the model can be embedded in
a simulator for forecasting aggregated action shares based on market scenarios.
For portfolio managers and investors, this could be a relevant decision-aid tool
as well as a potential starting point for a quantitative investment strategy.
The analysis of the behavior of investors has brought several contributions.
In general, the lack of disaggregate data valuable for studying the investors’ be-
havior, forces analysts to work with synthetic data (De Grauwe and Grimaldi
2004). In these works, most of the models are rule-based. These approaches are
interesting and allow to go deep in the simulation. The main drawback is the gap
from the reality, in terms of understanding and applications. In this work, we
could work with real disaggregate data. Behavioral hypothesis have been built
by observing investors and exploring data with descriptive statistics. These hy-
potheses have been confirmed by estimating the proposed model on the data. In
addition, the behavioral finance mainly focuses on the qualification of the behav-
iors, but not on their quantification (Baker and Wurgler 2007). Our approach
allows to quantify the causalities, which is an important contribution. We mainly
show that investors have a tendency to use short-range information to make deci-
sions, that they consider previous actions when making decisions, and that they
are highly influenced by their perception of risk. Finance is characterized by an
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abundance of aggregate data, which are very noisy. Machine learning methods
have been widely applied in this field, due to the huge amount of available data,
and the difficulty for identifying causalities Kim 2003. Their main drawback is
the over-fitting. The proposed model presents acceptable prediction capabilities,
which emphasizes the added-value of the behavioral hypothesis setting. Hypoth-
esis allow to compensate the intrinsic noise of the data. Few discrete choice
models have been developed in finance. We have shown the relevance of math-
ematical formulations which have been so far mainly applied in transportation
and marketing.
There are several perspectives to this work. In terms of modeling, the per-
ception of risk can be refined. More than two latent classes could be considered.
The integration of relevant supplementary data can also be considered, such as
portfolio information, money inflows and outflows, and investors’ characteristics.
Dedicated data collection could be conducted in order to precisely point out the
information used by investors when taking decisions and to refine the explanatory
variables. This way, the proposed model can be improved.
We modeled the choice of action, given that an action is performed this day.
We should get rid of this condition by modeling the choice of the action day.
Several approaches are possible. The alternative “hold” can be considered in
the choice set. Some attempts have been made in this analysis, but the over
representation of this new alternative and the lack of behavioral foundations are
problematic, as mentioned in Section 7.3. Modeling the duration between two
actions seems to be more appropriate. Indeed the choice of an action is not revised
every day, particularly in case of long-term investments. Robin (2011) shows
preliminary results based on such assumptions and corresponding methodologies.
A major difficulty is the lack of relevant data to capture this behavior.
In this analysis, we focused on the investors’ decisions because they are the
sources of the observed trades. It would be interesting to model the behavior of
the traders who are implementing the investors’ decisions, in order to obtain a
full picture of the decision process inside the bank. Then, it would be also useful
to compare the investors’ behavior with the traders’ behavior.
The prediction of the stock prices evolution is a further perspective which
can be studied. The developed model is not sufficient, as other financial actors
should be modeled, in order to capture the entire financial scene. This requires
to have specific and detailed behavioral data about all the actors and data about
the scene, which is a task of considerable complexity. Then, accurate behavioral
models should be developed. Finally, the different models could be embedded
into an integrated simulator in order to predict the stock prices evolution.
A first step would be to focus on stocks, for which the actions performed by
professional investors dominate those of other financial actors. This will ease the
prediction of the price evolution, as the proposed model can contribute for the
major part.
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Appendix
Parameter v Transform tH (day) g r Value t-test
ASCB,N 1 1,2 N -1.39 -4.41
ASCB,R 1 1,2 R -2.01 -4.44
βB,1 Price Long 1 1 N -2.31 -3.15
βB,2 Price Perf 1 2 N,R 6.18 4.19
βB,3 Price Short 1 2 N -1.02 -3.15
βB,4 Price Short 1 1,2 R 0.916 1.78
βB,5 Quality Long 1 1,2 N -0.428 -2.57
βB,6 Quality Short 1 1,2 N 0.723 2.03
βB,7 Sentiment Long 1 2 N 0.659 2.78
βB,8 Technique Long 1 1 R 1.06 1.84
βB,9 Technique Long 1 1 N 1.02 2.51
βB,10 Technique Long 1 2 R -0.805 -2.42
βB,11 Technique Short 1 1 R 1.80 2.45
βB,12 Technique Short 1 1 N 2.78 4.28
βB,13 Technique Short 1 2 R 1.30 3.40
βB,14 Technique Short 1 2 N -1.47 -2.00
βB,15 Value Short 1 1,2 N 0.625 2.43
αN 1,2 N -0.222 -5.43
αR 1,2 R -0.312 -6.77
λB,N 1,2 N -0.0156 3.79
λB,R 1,2 R -0.00946 5.27
µ1 1,2 N,R 1
µ2 1,2 N,R 1.23 5.07
µ3 1,2 N,R 1.58 4.21
µ4 1,2 N,R 2.93 3.16
µ5 1,2 N,R 1.43 2.77
µ6 1,2 N,R 2.46 3.48
Table 11: Estimated parameters of the model (β)
References
Arthur, W. B., Holland, J. H., LeBaron, B. D., Palmer, R. G., Tayler, P., 1996. Asset
Pricing Under Endogenous Expectations in an Artificial Stock Market. SSRN eLibrary.
Baker, M., Wurgler, J., 2007. Investor sentiment in the stock market. The Journal of
Economic Perspectives 21 (2), 129 – 151.
Ben-Akiva, M., Lerman, S., 1985. Discrete choice analysis: theory and application to
travel demand. MIT Press, Cambridge.
128
Robin and Bierlaire, Journal of Choice Modelling, 5(1), 2012, 98-130
Parameter v Transform tH (day) g Value t-test
ASCW 1 1,2 -25.327
ω1 VIX 1 1.37 49.41
ω2 VIX 2 1.08 31.39
ω3 Sentiment Sigm 5 1,2 9.29 5.17
Table 12: Estimated parameters of the risk model associated with the model (ω)
Bierlaire, M., 2003. Biogeme: A free package for the estimation of discrete choice models.
Proceedings of the 3rd Swiss Transportation Research Conference, Ascona, Switzer-
land.
Bierlaire, M., Fetiarison, M., 2009. Estimation of discrete choice models: extending
biogeme. In: Proceedings of the 9th Swiss Transport Research Conference. Ascona,
Switzerland.
Bollerslev, T., Chou, R. Y., Kroner, K. F., 1992. Arch modeling in finance : A review of
the theory and empirical evidence. Journal of Econometrics 52 (1-2), 5 – 59.
Chen, S.-H., Yeh, C.-H., 2001. Evolving traders and the business school with genetic
programming: A new architecture of the agent-based artificial stock market. Journal
of Economic Dynamics and Control 25 (3-4), 363 – 393.
URL http://www.sciencedirect.com/science/article/B6V85-419JHMW-4/2/
e00f233b151a01fd8c43e8574e39a524
Day, R. H., Huang, W., 1990. Bulls, bears and market sheep. Journal of Economic
Behavior & Organization 14 (3), 299 – 329.
De Grauwe, P., Grimaldi, M., 2004. Bubbles and Crashes in a Behavioural Finance
Model. SSRN eLibrary.
El-Yaniv, R., March 1998. Competitive solutions for online financial problems. ACM
Comput. Surv. 30, 28–69.
Giles, C. L., Lawrence, S., Tsoi, A. C., 2001. Noisy time series prediction using recurrent
neural networks and grammatical inference. Machine Learning 44, 161–183.
Greene, W. H., Hensher, D. A., 2003. A latent class model for discrete choice analysis:
contrasts with mixed logit. Transportation Research Part B: Methodological 37 (8),
681 – 698.
Hensher, D., Jones, S., 2004. Predicting firm financial distress: a mixed logit model. The
accounting review 79 (4), 1011 – 1038.
Hommes, C. H., 2006. Chapter 23 heterogeneous agent models in economics and finance.
Vol. 2 of Handbook of Computational Economics. Elsevier, pp. 1109 – 1186.
Johnsen, T., Melicher, R. W., 1994. Predicting corporate bankruptcy and financial dis-
tress: Information value added by multinomial logit models. Journal of Economics and
Business 46 (4), 269 – 286.
Kim, K., 2003. Financial time series forecasting using support vector machines. Neuro-
computing 55 (1-2), 307 – 319, support Vector Machines.
Mikosch, T., Sta˘rica˘, C., 2004. Nonstationarities in financial time series, the long-range
dependence, and the igarch effects. Review of Economics and Statistics 86 (1), 378–390.
Robin, T., 2011. New challenges in disaggregate behavioral modeling: emotions, invest-
ments and mobility. Ph.D. thesis, E´cole Polytechnique Fe´de´rale de Lausanne.
Shive, S., 2010. An epidemic model of investor behavior. Journal of Financial and Quan-
129
Robin and Bierlaire, Journal of Choice Modelling, 5(1), 2012, 98-130
titative Analysis (45), 169 – 198.
Walker, J., 2001. Extended discrete choice models: Integrated framework, flexible error
structures, and latent variables. Ph.D. thesis, Massachusetts Institute of Technology.
130
